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Small models (<= 100b parameters)
@ e @ > [

. ° ® © [e)
ELMo GPT-1 BERT ROBERTa  Transformer ELMo GPT-2 Megatron-LM LLaMA Chinchilla YalLM ERNIE
94M M 340M 354M 485M 158 8.38 658 808 1008 1008
Ai2 ©®o0penal Google  oMeta Ai2 @ OpenAl >R oMeta G DeepMind Yandex - .-

Large models (>100b parameters)

The base of
ChatGPT

Undisclosed

LaMDA GPT-3 Jurassic-1 Gopher MT-NLG PaLM PaLM-E GPT-4 number of
1378 1758 1788 280B 530B 5408 5628 7? parameters
Google @openal  ARAIabs ) DeepMind S Google Google @ o0penAI
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https://thelowdown.momentum.asia/the-emergence-of-large-language-models-lims/
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“Scaling Laws for Neural Language Models” [Kaplan+ 2020]
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Pages of mC4 training text

https://arxiv.org/abs/2010.11934
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1 RET—FTOEE
O THEPILE * F|AZE#E : GPT-J, GPT-NeoX, Pythia
O #332B+—4 v
O <ILFFELLN. BEFE (LRILFELHFH)
1 BRET— SI’CGD%E'
O Japanese-mC4 * F|F3E#E : OpenCALM(CA), Rinna GPT, Ricoh GPT
O #$314B L—H v
O BAXRE (ELYVITLERDEEBLFFEFEENTLD)
0 BAT—4% (HE+BERE TO¥E
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O ETILER—DFAT—ETIHILEDEF
a ETILYA4X
O /NS A—F# 1K ~ 100MD# —F — D EEE THKEL.
O 2EXTv 7 : 1epoch* LLMOERIFZEICEWNVT—BIHETE
O RET—42 TOZEE : 100,000 iteration
O BARET—4% TOEE : 100,000 iteration
QO JBEET—% TOEE : 200,000 iteration
d Misc.
(1 Batch size: 1536, sequence len: 2048
1 Optimizer: Adam(lr=0.97e-4, min_Ir=0.97e-5, warmup_with_cosine_decay)
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Model # Param.s (w/o # Param.s (W # GPU Fﬁ% Eljﬁl
embedding) embedding) (#node) | GRET—2FENHA)
E+3 (1K) 3,312 1,613,040/ 8 (1) 2.2
E+4 (10K) 12,768 3,232,224| 8 (1) 2.2
E+5 (100K) 100,096 6,539,008| 8 (1) 2.3
E+6 (1M) 2,369,792 28,125,440| 8 (1) 2.8
E+7 (10M) 18,915,328 70,426,624| 8 (1) 4.9
E+8 (100M) 302,311,424 405,334,016| 32 (4) 4.1

* A100(40GB) GPU
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English validation loss

4 English_100000 iteration @ Japanese_ 100000 iteration m mix_200000 iteration
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